Introduction
The Tropical Rainfall Measuring Mission (TRMM) satellite launched in 1997 has the primary goal of measuring tropical rainfall (Simpson et al. 1988; Kummerow et al. 1998 ). The TRMM satellite employs an active microwave measurement instrument (Precipitation Radar; PR) for the first time in space in addition to a passive microwave radiometer (TRMM Microwave Imager; TMI) (Kummerow et al. 1998 ). The two microwave gorithm, GPROF, uses Bayesian theorem to invert brightness temperatures (T B s) of raining pixels into rain rates by referring a predefined database that consists of the relationship between precipitating cloud properties and upwelling radiation (Olson et al. 1999; Kummerow et al. 2000; Kummerow et al. 2001) . It uses a rain/no-rain threshold to screen out no-rain pixels; retrieval only performs on raining pixels. As such, the database associated with the algorithm only contains points with rain rate greater than 0. It has been previously considered that the Bayesian-type retrieval algorithm works well if the predefined database well represents realistic atmospheric situations. However, it has been reported that the Bayesian-type algorithm causes two types of systematic errors when dealing with meteorological variables having discontinuous and heavily skewed distributions (Seo et al. 2007a) . One of the systematic errors occurs around nearly clear-sky conditions, resulting in a positive bias compared to true values. As one of remedies to alleviate the problem, Seo et al. suggested to include clear-sky data points with a proper probability of occurrence in the a priori database as a "fix" for the systematic biases (This idea was actually originated from an anonymous reviewer of the Seo et al. paper) . In this way, the Monte Carlo integration does not seriously feel the discontinuity of the database by extending the boundary of rain rates in the database from ε (a very small value but not zero) to zero (Cox and Hinkley 1974) .
The comparison between the TMI-and the PRrain rates by Seo et al. (2007b) revealed that the average difference between mean TMI and PR rain rates (1.93 vs. 1.38 mm h -1 ) are about 0.55 mm h -1 for all collocated non-convective rainy pixels which comprise the majority of raining pixels. In other words, the mean difference amounts to about 40% of the PR rain estimate. One of the potential causes to the positive bias in the TMI minus PR rain rates could be the missing of light rain (0.7 mm h -1 ) in PR rain rates. Another potential cause might be associated to the positive bias due to the boundary near/at clear sky. Therefore, in this note, we try to examine how much of discrepancy between the TMI minus PR rain rates can be reduced by extending the boundary of rain rates in the database from ε to 0, i.e., using the zeroadded probability density function (PDF) in the TMI Bayesian algorithm. The results will improve our understanding of the role of the new database with the zero-added PDF of rain rates in the TMI rain retrievals.
Data
The TRMM TMI T B s for the one-year period from 1 December 2004 to 30 November 2005 are used only over oceanic regions. TMI measures radiation at 10.65, 19.35, 37.0, and 85.5 GHz with both horizontal and vertical polarizations and at 21.3 GHz with vertical polarization, covering the tropics and subtropics (35°S-35°N). Using the GPROF version-6 TMI rain retrieval algorithm, rain rates are estimated from TMI T B s during the period. Details of the version-6 algorithm can be found in Olson et al. (2006) . The PR is a scanning radar operating at 13.8 GHz with a sensitivity of about 17 dBZ corresponding to about 0.7 mm h -1 in rain rate (Iguchi and Meneghini 1994) . For the comparison with the TMI-rain estimates, the standard version 6 products, 2A25, were obtained from NASA Goddard Earth Sciences Data and Information Services Center. The PR pixels have a horizontal resolution of 4.3 km at nadir and a vertical resolution of 250 m from the Earth surface to 20 km altitude. The vertical profiles of rain rate (R) are calculated from radar reflectivity (Z) profiles using a Z-R relationship based on a hybrid of the Hitschfeld-Botdan method and the surface reference method (Iguchi and Meneghini 1994; Iguchi et al. 2000) .
The Ef fect of Newly Adopted PDF of Rain
Given a set of satellite measured brightness temperatures, y o , the posterior PDF may be expressed by
where P(y o |x) is the conditional PDF of an observed state y o given an atmospheric state x and P(x) is the prior PDF of an atmospheric state x. To estimate rain rate x from the posterior PDF, one implementation of Bayesian theorem is to find the mean state by integrating over the posterior PDF, in which the expected value of x can be expressed as (Evans et al. 2002) :
The systematic errors in association with the Bayesian-type retrieval algorithms are explained by using an ice water path (IWP) retrieval algorithm developed by Seo and Liu (2005) and Seo et al. (2007a) . One of the errors occurs at near zero rain rates where data points in the database discontinue since, by definition, there are no clouds with zero or negative rain rates. The consequence of this error is a positive bias in the retrieval. As a remedy to reduce the positive bias, Eq. (2) can be rewritten with of the inclusion of clear-skies (that is, when x = 0) as: 
The clear-sky term representing the clear-sky contribution in Eq. (3) disappears in the numerator because it is multiplied by zero. Evidently, the term lowers E(x) and thus would offset some of the positive bias for near clear-sky conditions (Seo et al. 2007a ). Therefore, the positive bias can be reduced by including the clear-sky contribution with a proper probability of occurrence in the a priori database. Meanwhile, the clear-sky conditional PDF P(y o | x = 0) rapidly decreases as rain rate increases, so that the term, P(y o | x = 0)P(x = 0), becomes negligible for moderate to high rain rates. Thus, the effect of the clear-sky conditional PDF is confined mostly to low rain rates. In other words, an accurate treatment of P(x = 0) in the predefined database is very critical to very low rain rate. Since the TRMM database is derived from model simulations, which tend to be skewed toward more "eventful" cloud/rain cases, P(x = 0) in the database is not correctly presented in Eq (3). In this study, TMI observations are used to obtain a more realistic P(x = 0). First, all TMI pixels are collected in every 0.5 degree×0.5 degree grid box in longitude and latitude for each month, and then the numbers of rain and non-rain (or clearsky) pixels are counted. Based on the numbers in each grid box, a probability of clear-sky to total TMI pixels is obtained. Hence, the rain to non-rain probability map is a function of time (monthly) and space (every 0.5°×0.5°). The prior PDF of rain in the predefined database of the GPROF algorithm version 6 was replaced with the new PDF of rain. Hereafter, the retrieval algorithm employing the new PDF in this study is referred to as the modified TMI algorithm.
The comparison between rain rates from the TMI version-6 and the modified TMI algorithms is shown in Fig. 1 . As expected, the employment of the realistic PDF yields a large impact on the retrievals of low rain rates (< 1 mm h -1 ). Mean rain rates for all raining pixels are 1.50 mm h -1 and 1.46 mm h -1 for the version-6 and the modified TMI algorithms, respectively. Thus, the difference between the modified minus the version-6 TMI estimates is about 0.04 mm h -1 over the TRMM covered tropical region. This difference amounts to about 3% of the total version-6 TMI rain estimates. Figure 2 exhibits how the inclusion of zero rain rates affects the cumulative frequency histogram of rain rates. The histogram shows a fundamental difference in the range of rain rates less than 1 mm h -1 . The modified TMI algorithm has frequent occurrences starting from around 0.01 mm h -1 , while the version-6 algorithm from near 0.1 mm h -1 . This figure shows that once there are rainy TMI pixels, their rain rates by the version-6 algorithm start from near 0.1 mm h -1 , Thus, this partially causes the overestimates of the TMI rain rate, compared to the PR rain estimates.
The zonal mean distribution of rain estimates from the modified TMI algorithm is compared with those from the TMI version-6 algorithm and from PR measurements (Fig. 3) . As noted in earlier studies, overall the version-6 TMI estimates are larger than the PR estimates, and the modified TMI estimates are in between those two. The ratio of TMI to PR estimates for the averaged zonal means (ratio = r TMI /r PR ) is 1.064 and 1.008 when using the TMI version-6 and the modified TMI algorithms, respectively. Hence, the relative difference between the TMI and PR rain estimates of around 6% has been reduced up to 1% when the zero-added PDF of rain rates was adopted in the Bayesian retrieval algorithm. One other way in formulating the algorithm is to include zero rain rates in the a priori database and retrieve all (including non-rain) pixels by the Bayesian procedure without using a rain threshold (here, let's call it a full Bayesian scheme). Note that as discussed in Seo et al. (2007a) , the full Bayesian scheme still causes positive bias. Because of the discontinuity of rain rates in the database at rain rate being zero, all non-rain pixels will be assigned a positive rain rate (however small). In the experiment we performed using a full Bayesian scheme, retrieved rain rates from all non-raining pixels turn out to be non-zero positive values, although they are very close to zero. The contribution of non-raining pixels to total rain amount is about 0.5% due to a large population of non-raining pixels.
Conclusion
In this study, we tested the idea that a systematic error in a Bayesian retrieval algorithm can be reduced by including zeros in the PDF of rain rates used for database (Seo et al. 2007a) , by modifying the TRMM version-6 TMI rain retrieval algorithm. It was noted that the impact is significant for retrievals of rain rates less than 1 mm h -1 . Be- cause of the frequent occurrence of low rain rates, the modification appeared to reduce the retrievals of global mean rain rates by 3%. The modification further brings in the discrepancy between the annual mean PR and TMI rain rates within the 1% level. Although this modification has significant effect only at low rain rates of less than 1 mm h -1 , the population of those rain rates are very large. Low rain rates are present in most regions, so correcting these rain rates is important virtually everywhere. It will cause the largest fractional difference in light rain areas. Finally, it should be noted that although there is a better agreement between PR and TMI rainfall estimates in the current version 6 products than those in earlier versions, the validity of these estimates still needs further validation by ground truth.
